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Abstract
Chairperson: Andrew C. Wilcox

Sediment regimes, i.e., the processes that recruit, transport and store sediment, create the
physical habitats that underpin river-floodplain ecosystems. Natural and human-induced
disturbances that alter sediment regimes can have cascading effects on river and
floodplain morphology, ecosystems, and a river’s ability to provide ecosystem services,
yet prediction of the response of sediment dynamics to disturbance is challenging. We
developed the Sediment Routing and Floodplain Exchange (SeRFE) model, which is a
network-based, spatially explicit framework for modeling sediment recruitment to and
subsequent transport through drainage networks. SeRFE additionally tracks the spatially
and temporally variable balance between sediment supply and transport capacity.
Simulations using SeRFE can account for various types of watershed disturbance and for
channel-floodplain sediment exchange. SeRFE is simple, adaptable, and can be run with
widely available geospatial data and limited field data. The model is driven by real or
user-generated hydrographs, allowing the user to assess the combined effects of
disturbance, channel-floodplain interactions and particular flow scenarios on the
propagation of disturbances throughout a drainage network, and the resulting impacts to
reaches of interest. We tested the model in the Santa Clara River basin, Southern
California, in sub-basins affected by large dams and wildfire. Model results highlight the
importance of hydrologic conditions on post-wildfire sediment yield, and illustrate the
spatial extent of dam-induced sediment deficit during a flood. We also combined SeRFE
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outputs for the mainstem Santa Clara River with a simple recruitment model of the
invasive riparian plant Arundo donax, which is prevalent in the basin. This coupled
modeling approach provided an ecogeomorphic framework for predicting source and sink
areas of the plant. Results for these different scenarios highlight how SeRFE can provide
contextual information on reach-scale sediment balance conditions, sensitivity to altered
sediment regimes, and potential for morphologic change for managers and practitioners
working in disturbed watersheds.
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Sediment Routing and Floodplain Exchange (SeRFE): A Spatially
Explicit Model of Sediment Balance and Connectivity through River
Networks

1

Introduction

The physical habitats that comprise river-floodplain ecosystems are a result of spatially
and temporally variable flow and sediment regimes (Lane, 1955; Poff et al., 1997; Wohl
et al., 2015). The concept of sediment balance in rivers (aka sediment equilibrium) refers
to the balance between sediment supplied to a channel and the flow’s ability to transport
that sediment. Over long time periods, sediment supply to rivers, sediment transport
through rivers, and sediment storage within watersheds (i.e., the sediment regime)
generally achieve a state of dynamic equilibrium that results in distinct channel
morphologies (Church, 1992). Temporal variability in disturbance and associated
sediment supply and transport processes creates heterogeneous landscapes that support
diverse habitat and biota (Poff & Ward, 1990; Stanford et al., 2005). Large-magnitude or
long-duration alteration of either sediment or flow regimes can alter sediment balance,
potentially changing river morphology and altering habitat. Direct (e.g., channelization,
dams) or indirect (e.g., sedimentation from logging, increased runoff from urbanization,
erosion from agricultural practices) alterations to river systems are ubiquitous and have
resulted in widespread degradation of river-floodplain ecosystems (Bernhardt et al.,
2005).
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The importance of natural flow (Poff et al., 1997; Poff et al., 2007) and sediment (Wohl
et al., 2015) regimes to river ecosystem health has been increasingly recognized. A key
element of flow and sediment dynamics, especially with respect to spatial patterns and
ecosystem influences, is hydrologic and sediment connectivity across watersheds
(Kondolf et al., 2006; Wohl, 2017). Sediment connectivity has been characterized by
conceptual models that identify the conditions that expedite or inhibit sediment
movement through a system (e.g., Bracken et al., 2015; Fryirs et al., 2007; Fryirs, 2013),
and by quantitative indices that can be calculated from geospatial data (Borselli et al.,
2008; Cavalli et al., 2013; Crema & Cavalli, 2018; Heckmann et al., 2018). Despite
advances in tools and models that mechanistically incorporate sediment supply, transport,
and storage processes for understanding the effects of sediment-regime alteration (e.g.,
Czuba & Foufoula‐Georgiou, 2014; Mahoney et al., 2018; Murphy et al., 2019),
continued development of modeling approaches to quantify sediment connectivity is
needed.

Sediment models seek to incorporate aspects of recruitment and transport either explicitly
or implicitly to provide information on watershed sediment dynamics. Sediment models
span a range, from spatially lumped to spatially explicit and from empirical to physically
based (De Vente & Poesen, 2005; Merritt et al., 2003). Empirical models generally relate
basin characteristics (e.g., drainage area, discharge, relief) to basin sediment yields
(Restrepo et al., 2006; Syvitski et al., 2003; Syvitski & Milliman, 2007; Wischmeier,
1959), while physically based models simulate the processes that drive sediment
dynamics and morphologic evolution at reach scales (e.g., Viparelli et al., 2013).
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Spatially lumped models are useful for watersheds that are ungaged or have limited data
availability, but they do not provide information on spatial heterogeneity in sediment
dynamics. The level of detail in the parameters required to run sediment models varies
with the spatial resolution of modeling. Reach-scale morphodynamic models can
accurately predict channel behavior and morphologic change through time, but require
higher-resolution input data (e.g., topography) and calibration of site-specific parameters,
some of which are difficult to measure (e.g., Call et al., 2017; Lauer et al., 2016).
Consequently, they are difficult to apply at larger spatial extents. Conversely, basin-scale
models are less dependent on detailed, spatially variable parameters (e.g., Czuba et al.,
2017) and in turn, less accurate at local scales, but these models can produce outputs in
which general patterns are meaningful and informative.

To fill a gap between the most common types of models (basin-scale, spatially lumped,
empirical models and reach-scale, morphodynamic models), new tools are needed that
are able to simulate reach-scale dynamics across entire basins. Reach-level resolution is
important for managers and restoration practitioners working in particular sections of
river, but reach-scale dynamics are dependent on conditions within the upstream
contributing area. Because rivers are connected systems, a particular disturbance at one
point in a basin can propagate downstream (Wohl, 2017). Moreover, a common critique
of many river restoration approaches is that they fail to account for conditions in and
fluxes from the upstream contributing area (Wohl et al., 2005). As such, a modeling
approach that accounts for basin connectivity and simulates the propagation of
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disturbance through a drainage network would be particularly useful for management and
restoration.

Recent advances in spatially explicit sediment modeling provide frameworks addressing
sediment movement through watersheds. These efforts build on Benda and Dunne’s
(1997) sediment routing model, which routed bed material from stochastic sediment
supply across a mountain channel network using a mass balance approach. The
CASCADE model tracks individual “cascades” of sediment throughout a drainage
network, highlighting distances that sediment moves and the location of sinks where
sediment enters into storage (Schmitt et al., 2016). Czuba et al. (2017) model temporal
changes in bed elevation as the drainage network conveys discrete “parcels” of sediment
throughout the network (also see Czuba & Foufoula‐Georgiou, 2015). Murphy et al.
(2019) combined various modeling approaches to simulate post-wildfire sediment
production and subsequent transport, finding that most of the sediment produced by
debris flows ended up stored in floodplains of river channels or as in-channel storage.
Lammers and Bledsoe (2018a) developed a reduced complexity, watershed-scale
morphodynamic model that simulates reach-level sediment transport, morphodynamic
evolution, and floodplain-channel interactions (by incorporating bank erosion). The
Lammers and Bledsoe (2018a) model requires parameters (e.g., floodplain width, slope
and height; bank angle on both sides of the channel) for each segment of the network,
however; these can be difficult to measure across large spatial scales. A low-complexity
approach for modeling reach-scale sediment dynamics at the basin scale that relies on
accessible datasets, can be easily parameterized over large areas, and includes an
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automated method for simulating floodplain-exchange dynamics would be a useful
addition to these spatially explicit models.

We developed the Sediment Routing and Floodplain Exchange (SeRFE) model to address
this need. SeRFE is a sediment routing model that incorporates algorithms for delineating
floodplains and calculating their area and volume, as well as computing valley
confinement in order to account for floodplain-exchange dynamics. SeRFE is used to
assess the variation in sediment dynamics, both spatially across channel networks and
temporally in response to flow variations, using real or user-generated hydrographs. The
model can also be used to assess the effects of different types of watershed disturbance
on river sediment dynamics and the propagation of those effects through networks.

2

Modeling Approach

SeRFE is written in Python 3 using common open-source scientific and geospatial
packages (see SeRFE user manual, https://github.com/jtgilbert/serfe). It uses widely
available geospatial datasets combined with limited field calibration data to make running
the model tractable and adaptable (Table 1). To run the model, a drainage network
shapefile, segmented into a user-defined reach length, is used. Because the term “river
reach” can be used in various different contexts, the term “segment” will be used in this
paper to refer to an individual reach of the drainage network used for modeling. Each
segment of the drainage network is attributed with information used for modeling flow,
sediment supply, sediment transport and floodplain storage dynamics (conceptually
depicted in Figure 1). When applying the model, the length of drainage network segments
should be a function of the digital elevation model (DEM) resolution. Shorter segments
5

can be used with high-resolution DEMs, improving the spatial resolution of outputs but at
the expense of computational efficiency, whereas with coarser DEMs and longer segment
lengths, some spatial variability in sediment dynamics may be lost. In the SeRFE
application described below (section 3) we used a 10 m DEM, and segment lengths
varied between 500 m and 1 km. Model attributes and their derivations are described in
the following sections.

Table 1. Inputs and their associated data types and possible sources required to run the
SeRFE model.
Input
Drainage Network
Digital Elevation Model
Channel widths
Bed grain size distributions
Q2 flood magnitudes
Hydrographs

Type

Source
National Hydrography Dataset (USGS), DEM
Geospatial derived
Geospatial National Elevation Dataset (USGS)
Table
Field measurements or aerial imagery
Table
Field measurements
Table
Gage data (e.g. USGS)
Table
Gages (e.g. USGS, county, or user-generated)
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Figure 1. Diagram of the SeRFE modeling workflow.

2.1

Flow

SeRFE models river discharge using daily time-step data at various locations in a
watershed. These data can be real (e.g., stream gage data), or synthetic (e.g., to assess the
impact of a hypothetical flood). Drainage area-discharge relationships are computed from
streamflow data at locations with minimal flow alteration and are used to extrapolate
flow from gage locations to the rest of the network (Text S1, Figure S1). Because
discharge may scale inconsistently with drainage area across basins, the algorithm uses
only data located upstream of a given segment to compute this relationship and apply it to
the network segment. By doing so, the model is able to reflect spatial heterogeneity in
7

discharge generation rather than assuming consistent hydrology across the whole basin.
Published regional relationships (e.g., Gotvald et al., 2012) could also be used to estimate
flow. In order to model flow, SeRFE computes drainage area from a DEM and attributes
each segment of the drainage network with a value for its contributing upstream drainage
area. In areas downstream of flow alterations (e.g. dams or diversions), the algorithm
accounts for these changes to model discharge in downstream segments accordingly.

2.2

Sediment Supply

Four sources of sediment supply to each segment of the network are modeled: 1) local
hillslopes, 2) the floodplain (i.e., sediment recruited by bank erosion/channel migration),
3) in-channel storage that was not transported out of the segment at previous time steps,
and 4) the sediment flux exiting the adjacent upstream segment(s) at the same time step.
The first two sources are explained here; the latter two are described in section 2.5.

2.2.1

Hillslope Supply

Sediment is delivered at each segment of the network in SeRFE, similar to other spatially
explicit models (Czuba et al., 2017; Schmitt et al., 2016). Sediment contributions from
hillslope erosion processes may be highly spatially and temporally variable and are
difficult to measure, and identifying appropriate rates to use in sediment-routing models
is a key challenge. The approach used here is to model sediment hillslope supply as a
function of literature-derived basin uplift rates, which are used as a starting point to
model erosion rates based on the common assumption that over long time periods, uplift
and erosion rates are equal. Because sediment storage within basins can reduce sediment
yields at basin outlets (Fryirs, 2013; Walling, 1983), uplift-based erosion rates should be
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calibrated (reduced) using validation data to more accurately model hillslope sediment
delivery. This process is similar to using sediment delivery ratios, i.e., the ratio between
the amount of sediment eroded from an area and the measured yield at the outlet of that
area (e.g., Heckmann & Vericat, 2018), and results in what we hereafter refer to as the
sediment input rate (erosion rate corrected for hillslope storage). Sediment input rates for
use in SeRFE could be constrained using a variety of data sources, including cosmogenic
nuclide data on background erosion rates or multi-decadal measurements of basin
sediment yield.

Sediment input rates at each segment are modeled by selecting values from a gamma
distribution, which is used to characterize the full possible range of sediment input rates
as well as most common value. To account for temporal variation, a value for sediment
input rate is selected from the distribution at each time step. Spatial variation in erosion
(and sediment input) rates is accounted for by varying the parameters of the gamma
distribution based on the local hillslope gradient for each segment. In segments flanked
by steep hillslopes, we assume that hillslopes deliver sediment more efficiently to the
drainage network, and the gamma distribution parameters are thus shifted to reflect the
high end of the range of sediment input rates. Conversely, in segments flanked by lowgradient hillslopes, the gamma distribution parameters are shifted to reflect the low end
of sediment input rates (Figure S2). Each segment of the network is attributed with a
“direct drainage area” value, calculated as the contributing drainage area of the next
segment upstream subtracted from the contributing drainage area of the given segment.
This value, then, represents the amount of hillslope area contributing directly to the
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segment. This value is used with the modeled input rate at each time step to compute a
mass of sediment delivered from the hillslopes to the channel and floodplain. This mass
is partitioned between the channel and floodplain based on a valley confinement value
described in the following section.

2.2.2

Floodplain Supply

Modeling floodplain sediment-exchange dynamics requires information on 1) the volume
of floodplain sediment associated with each segment of the drainage network and 2) the
length of channel that is free to interact with its floodplain, based on its confinement, as
well as on other data on hydrology, grain size, and morphology. To incorporate this
information into SeRFE, we first used the Valley Bottom Extraction Tool (VBET)
algorithm to extract floodplains from a DEM and calculate their area (Gilbert et al.,
2016). VBET uses a combination of slope analysis and DEM detrending and filling, with
parameters that vary based on drainage area, to extract floodplain features associated with
a drainage network. Other floodplain identification tools (e.g., Roux et al., 2015),
including manual digitization of floodplains, could also be used with SeRFE. SeRFE
obtains the volume of floodplain sediment storage by multiplying the floodplain area by
its thickness, which SeRFE calculates by finding the average bed elevation along the lowflow channel of a segment and subtracting it from the average elevation of the floodplains
associated with the given segment (Figure S3). This approach, although it produces
uncertain sediment-storage estimates, provides a sufficient basis for estimating the
floodplain contribution to overall sediment supply. Then, a confinement algorithm
automatically calculates the proportion of each network segment that abuts a confining
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margin (Fryirs et al., 2016; O'Brien et al., 2019). The VBET output is used as the
confining margin input in the confinement algorithm. Confinement is calculated as

∑𝑈𝑆
𝐷𝑆 𝐶𝐿𝐸𝐵 @𝐻𝑆

𝐶𝑣 = (

𝐶𝐿𝑇

) 𝑥 100 (1)

where US and DS are the upstream and downstream extents respectively, Cv is the valley
confining margin, CLEB@HS is the length of channel along either bank that abuts a valley
margin and CLT is the total length of channel. This value subtracted from one is therefore
the fraction of the network that is able to adjust laterally and interact with the floodplain
(Figure S4).

A complex set of factors influence fluvial bank erosion, including lateral versus
downstream velocity structure, channel curvature, bank composition, slump blocks, and
vegetation, creating challenges for predicting bank erosion even at a reach scale (Parker,
G. et al., 2011; Simon & Collison, 2002). For estimating bank erosion at a network scale,
simpler approaches are merited. Here we borrow from the common usage of stream
power for estimating network-scale erosional dynamics (e.g., Bizzi & Lerner, 2015;
Howard et al., 1994). Total stream power (Ω; W/m) is the rate of energy dissipation
against the bed and banks and is calculated by

𝛺 = 𝜌𝑔𝑄𝑆 (2)
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where ρ is the density of water (kg/m3), g is acceleration due to gravity (m/s2), Q is
discharge (m3/s) and S is channel slope (dimensionless). Unit stream power (ω; W/m2)
normalizes stream power for cross-scalar comparison and is calculated as:

𝛺

𝜔 = 𝑤 (3)

where w is channel width. In SeRFE, we calculate bank erosion rate (ε; m/s) using an
excess stream power expression:

𝜀 = 𝑘(𝜔𝑏 − 𝜔𝑐 𝑏𝑎𝑛𝑘 )𝑎 (4)

where k is an erodibility parameter (m3/W), ωb is unit stream power applied to the bed
and banks, ωc bank is the unit stream power at which bank erosion begins, and a is a
dimensionless exponent that scales the relationship between bank erosion rate and excess
stream power. Equation 4 is similar to the excess shear stress approach in bank-erosion
modeling (e.g., Hanson, 1990a; Hanson, 1990b), such as the widely used Bank Stability
and Toe and Erosion Model (BSTEM, Klavon et al., 2017; United States Department of
Agriculture, (USDA), 2016). Whereas BSTEM typically sets the exponent a to 1, such
that bank erosion rate is linearly related to excess shear stress, we set a = 0.5, after
Wilson (1993a; 1993b), based on Khanal et al.’s (2016) review of linear and nonlinear
models of cohesive sediment detachment based on multiple datasets, which supports the
use of a nonlinear model. Bank erosion rates calculated based on excess shear stress or
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stream power respond temporally to flow and provide an alternative to modeling
approaches based on a fixed, user-specified migration rate to calculate floodplain erosion.

In equation 4, soil properties that affect cohesion are implicitly accounted for in ωc bank
and k. More complex models have built on this foundation by explicitly accounting for
2D morphodynamics and/or factors that influence bank cohesion (e.g., soil clay content,
riparian vegetation density, etc., Parker, G. et al., 2011; Randle, 2006; Simon & Darby,
1997). Methods for estimating ωc bank (Clark & Wynn, 2007) generally require sitespecific information such as bank grain size distributions and bank slope angles. We used
five study reaches to calibrate the parameters in equation 4 and extrapolate parameter
values to all network segments (section 3.1).

2.3

Sediment Transport

Sediment transport is modeled in SeRFE using a stream power approach similar to
Bagnold (1966; 1980). For modeling at large spatial extents stream power is an attractive
alternative approach to shear-stress-based modeling of sediment transport, because
stream power calculations rely on Q, S, and w, which are easily obtained or approximated
from remotely sensed data over large areas, rather than on spatially variable flow depth,
as is needed for shear stress calculations. Moreover, the critical unit stream power for bed
erosion (ωc bed) does not appear to vary with slope as much as critical shear stress (τc)
(Parker, C. et al., 2011).

SeRFE uses an empirical stream-power sediment transport equation (Lammers &
Bledsoe, 2018b) to calculate sediment flux (qs):
13
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5

𝑞𝑠 = 0.0214(𝜔 − 𝜔𝑐 𝑏𝑒𝑑 )2 𝐷−1 𝑞 −6 (5)

where qs is in ppm (multiplied by discharge and density to obtain a flux), D is a
representative bed grain diameter (m) and q is unit discharge (Q/w).

To calculate ωc bed, we use the parsimonious approach developed by C. Parker et al.
(2011) and used by Lammers and Bledsoe (2018b). Nondimensional stream power (ωc*)
is calculated as follows (after Einstein, 1941):

𝜔𝑐∗ =

𝜔𝑐 𝑏𝑒𝑑
𝜌 −𝜌
𝑔(𝜌𝑠 −𝜌)√ 𝑠 𝑔𝐷 3

(6)

𝜌

where ρs is sediment density. By setting ωc* to 0.1 (Lammers & Bledsoe, 2018b; Parker,
C. et al., 2011), based on flume and river datasets, and rearranging equation 6, ωc bed can
be calculated from bed grain size (D) measurements. Field data collected on grain size
distributions at different locations throughout a watershed are used to extrapolate ωc bed to
the whole network.

A critical discharge for initiating sediment transport (Qc) can be calculated from ωc bed by

𝑄𝑐 =

𝑤𝜔𝑐 𝑏𝑒𝑑
𝜌𝑔𝑆

. (7)
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To account for uncertainty in Qc, the grain size data is bootstrapped 100 times and the
median taken each time to obtain a credible D50 (median grain size) range. The upper and
lower bounds for Qc are then calculated using the 90% prediction interval for the D50
value (Figure S5). We then use an extrapolation algorithm to attribute each segment of
the network with Qc values (Text S2). With a Qc (and thus also ωc) value assigned to each
segment, equation 6 can then be rearranged to solve for a predicted D50 for all network
segments:

𝐷𝑝𝑟𝑒𝑑 = (

𝜔
( 𝑐 )2

1
𝜔𝑐∗
3
𝜌
(𝑔(𝜌𝑠 −𝜌))2 ( 𝑠 −1)𝑔
𝜌

) . (8)

Upper and lower bounds on D50 predictions, which significantly affect sediment transport
rates, are calculated using the range of calculated Qc values. Other models have been
used to estimate grain size in gravel-bedded rivers using remotely sensed data (e.g.,
Buffington et al., 2004; Snyder et al., 2013). Our approach has worked well in the mixed
sand and gravel beds of our study area (measured values fell within the modeled
prediction interval for all sites; section 3.1, Table S1). Modeling grain size across the
network in this way addresses the common problem in spatially varied sediment transport
modeling of obtaining widely spatially distributed estimates of bed grain size.

With each segment attributed with a range of values for ωc and D, equation 5 can then be
applied at each time step to calculate a range of sediment transport.
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2.4

Disturbance

SeRFE can account for the impact of various types of watershed disturbance on sediment
routing and balance. Before running the model, different types of disturbance can be
added to the input network. Disturbances are separated into two types: those that are
anticipated to increase sediment supply to the channel network (e.g., wildfire), and those
that reduce sediment supply (e.g., a dam).

In the case of increases in supply, the disturbance can be chronic or episodic, and/or
isolated to a single location (e.g., a debris flow) or applied across whole portions of the
watershed (e.g., post-wildfire sedimentation). A representative grain size value can be
specified for sediment inputs from these disturbances, in which case the model updates
the bed D50 value based on the mass-weighted average between the input sediment and
the existing bed sediment. If the sediment inputs from disturbance are finer than the bed
material, this material is preferentially transported. The maximum distance this sediment
can travel in a given time step is determined by the flow velocity. If it reaches this
distance, it is stored as bed storage in the segment where it ends up, and is available for
transport again at the next time step.

In the case of dams or diversions, a discrete location is specified, and the “effective
drainage area” (the drainage area of the dam subtracted from the segment drainage area)
of all segments downstream is updated to account for the dam’s effects on flow and
sediment supply. Whenever possible, gage locations at reservoirs should be used to
accurately model their direct effect on flow. Dam-induced modifications to the sediment
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flux exiting a segment containing a dam can be assumed (e.g., 100%) or estimated based
on reservoir characteristics and trap efficiency (Brune, 1953). After disturbances are
accounted for, the network is ready for use with the model.

2.5

Model logic

Here we review and elaborate on several elements of the model workflow (Figure 1) and
logic. As a sediment routing model (i.e., not a morphodynamic model), channel geometry
is assumed to remain constant. Changes in sediment storage are reflected by updating
channel storage and/or floodplain heights at each time step rather than modeling changes
in width and channel incision. However, bed elevation is allowed to adjust to create a
feedback between channel sediment storage and bed slope. The sediment storage and
balance outputs (described below) combined provide a basis for making predictions about
morphologic change.

At each time step, for each segment the following occurs:
1) flow is calculated, and flow depth is estimated using the Manning’s equation
and a modeled Manning’s roughness coefficient,
2) sediment supplied from any adjacent upstream segment(s), sediment
contributed from neighboring hillslopes, and in-channel storage remaining from previous
time steps are accounted for,
3) if the stream power for the calculated flow exceeds the segment’s critical bank
stream power, any contributions from bank erosion are also accounted for, and
4) transport capacity is calculated using equation 5.
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The balance between sediment transport capacity and supply in each segment is then used
to determine the fate of supplied sediment. If the transport capacity is less than supply,
the amount that can be transported is exported from the segment, and the remainder is
stored. If the flow depth does not exceed the height of the floodplain, all storage occurs as
in-channel storage. If the flow depth exceeds the floodplain height, the storage is
partitioned between the channel and the floodplain based on the proportion of water
passing over the floodplain and an estimated settling velocity (Ferguson & Church,
2004). If channel storage occurs, bed slope is updated by assuming that the stored
sediment forms a wedge whose base is the area of the channel and assumes a constant
slope to taper from maximum height at the top of the segment to a height of zero at the
bottom of the segment (i.e., most sediment enters into storage on the upstream of the
segment with progressively less remaining to enter into storage moving downstream). If
floodplain storage occurs, the height of the floodplain is updated by converting the mass
stored into a thickness to be distributed uniformly across the floodplain area and added to
the segment’s floodplain height. If the transport capacity is greater than the sediment
supply, all sediment supplied, including sediment recruited from the floodplain (corrected
for overbank deposition), is transported downstream to the next segment. The volume
recruited from the floodplain is then converted to a height and subtracted from the
floodplain height.

This logic is repeated for each time step (length of flow record). At each time step,
information is stored in an output table that has two index columns: time step and
segment ID, which are used to store flow, sediment fluxes and sediment storage for each
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time step. Additionally a “capacity supply ratio” (CSR), defined as the calculated
transport capacity divided by the calculated supply for a given time step, is tracked (Soar
& Thorne, 2001). Various measures of sediment balance exist (e.g., Schmidt & Wilcock,
2008), but CSR is simple to calculate and useful for showing variation in sediment
balance through time. The model puts upper and lower bounds on all outputs by
simulating three separate trajectories: a minimum transport trajectory, where the upper
bound of modeled D is used, a median transport trajectory, where the median modeled
value of D is used, and a maximum transport trajectory, where the lower bound of the
modeled D is used. Additionally, uncertainty in the value of ωc*, and thus ωc, is
incorporated into transport modeling.

This stored information is used to calculate the total sediment flux (tonnes) from all
segments, as well as the sediment yield (tonnes/km2). Additionally, the CSR can be
integrated through a chosen time period, and the results used to determine general
sediment deficit or surplus conditions on a reach-by-reach basis.

3

Application

We applied SeRFE to the Santa Clara River (SCR) of southern California (Figure 2),
using a 10 m DEM and 0.5 – 1 km segment lengths. The SCR drains 4,144 km2,
approximately 50 km north of Los Angeles. The river rises in the San Gabriel Mountains
and flows west for 134 km to where it drains into the Pacific Ocean near Ventura, CA.
High erosion rates from tectonic activity (Warrick & Mertes, 2009) and flashy hydrology
(mean annual discharge is 5 m3/s, with a maximum recorded discharge of 4,672 m3/s) can
result in very high sediment yields. For example, estimated average annual sediment
19

yield at the Santa Paula Creek basin outlet is ~2,200 tonnes/km2 (Stillwater Sciences,
2007; Stillwater Sciences, 2011), although the SCR is an episodic system and sediment
yield varies greatly from year to year. Episodic wildfire also influences erosion and
sediment fluxes in the SCR. With a Mediterranean climate, the majority of precipitation
and highest flows occur during the winter months, and infrequent, high-intensity, shortduration storms driven by El Niño events are responsible for the majority of the basin’s
flow (Andrews et al., 2004) and geomorphic work (Williams, R. P., 1979). Summers are
warm and dry, and sections of the SCR often have no flow during late summer and
autumn. The SCR has several stream gages, including at dam outlets, and data on
sediment yield for most sub-basins. It has also experienced diverse natural and
anthropogenic effects on sediment dynamics (Beller et al., 2016; Downs et al., 2013),
making it well suited for testing the SeRFE model.

Figure 2. Location of the watersheds, Piru and Santa Paula Creeks within the Santa Clara
River basin, California, and locations of field data used for model calibration in our
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application of the SeRFE model. Coordinates for this map and all other maps in figures
are in NAD83 UTM Zone 11N.

In the application we present here, we focus on two tributaries of the SCR to investigate
the distinct impacts of different disturbances (Figure 2). Parts of Santa Paula Creek,
which enters the SCR in the western portion of the basin, burned in the 2017-2018
Thomas Fire, which burned 114,078 ha and was the second largest wildfire in
California’s history (as of autumn 2018). Using Santa Paula Creek, we assessed the
relative influence of increased erosion due to fire and different flow scenarios on basin
sediment storage and sediment yields at the basin outlet. To do this, we performed three
model runs: (1) a baseline run with no wildfire disturbance, using flows for the 2018
water year (a dry year with a ~ 1.4-year recurrence interval flood); (2) a run with
increased erosion from the Thomas Fire beginning at the time step when the fire became
established (approximately 80 days before high flows occurred), again using 2018 flows;
and (3) a run pairing the 2017 hydrograph (4-year recurrence interval) with increased
erosion from the fire. For the increased sediment input rates, we adjusted the parameters
of the gamma distribution, such that the average value of the distribution was 5 mm/yr,
based on previous analysis of fire’s influence on erosion rates in Santa Paula Creek
(Stillwater Sciences, 2007).

Piru Creek is the largest tributary of the SCR and is dammed by Santa Felicia Dam,
which creates Lake Piru (completed 1955) and, farther upstream, Pyramid Dam
(completed 1973). We used SeRFE to assess the spatial and temporal influence of these
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dams on the sediment balance, using the CSR metric. Sediment deficit induced by dams
often causes morphological change such as incision and bed coarsening (Brandt, 2000;
Graf, 2006; Williams, G. P. & Wolman, 1984), but methods for assessing how this deficit
changes in space and time are lacking. For our assessment, we simulated sediment
balance in Piru Creek from June 2016 to June 2017, during which a ~5-year recurrence
interval flood occurred.

3.1

Calibration

To calibrate the grain size model, eight bulk measurements of bed grain size collected by
Stillwater Sciences and USGS were used (Figure 2). When all measurements were used
to calibrate the model, average error across the eight sites was 0.36 mm, and the modeled
D was within the prediction range at all sites (Table S1). When D was modeled at each
site using only the other seven measurements for calibration (i.e. the associated site was
excluded from the extrapolation algorithm), the average error was 1.1 mm, and seven out
of the eight sites fell within the prediction interval.

Determining the critical stream power to initiate bank erosion (ωc bank) is difficult at both
local and network segment scales, but to apply equation 4, this value must be calculated
for each segment. The segment-scale estimated values of ωc bed (section 2.3) provide one
basis for determining ωc bank, although the relationship between mobility thresholds for
the bed and banks will depend on factors such as bank vegetation and other sources of
cohesion, grain size, and sinuosity. By assuming that ωc bank varies linearly with ωc bed, a
new parameter, the bank mobilization factor (ϴ) can be introduced, where ϴ scales the
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stream power necessary to initiate bank erosion relative to bed material transport
(equation 9).

𝜔𝑐 𝑏𝑎𝑛𝑘 = 𝜃 ∗ 𝜔𝑐 𝑏𝑒𝑑 (9)

Millar (2005) used a similar approach, relating critical bed to critical bank shear stress
with a variable (μ’). In gravel-bedded, threshold channels, incipient motion of the bed
generally occurs near the bankfull flow, at which point bank erosion would also likely
begin, indicating a likely ϴ value near one. Parker (1978a; 1978b) suggests a value of 1.2,
and Millar (2005) a μ’ value of 1.4 based on typical bank geometry. The sand-bedded
channels of the SCR are labile, such that bed motion begins well below bankfull flows
(after Church, 2006), and additional flow beyond the threshold for bed mobilization
would be required to initiate bank erosion; we therefore expect ϴ to be greater than these
reported values.

By using the assumption that ωc bank can be estimated from ωc bed, k can be calibrated
using measurements of bank erosion. We used five locations throughout the watershed
(Figure 2) where flow data and repeat DEMs and/or imagery were available to calibrate
the parameters of equation 4. For two sites on the SCR, we obtained a LiDAR dataset
from Stillwater Sciences, and for two sites on Piru Creek and one site on Sespe Creek, we
used NCALM LiDAR datasets available from Open Topography. We then generated
repeat DEMs for these locations using drone-based Structure from Motion (SfM). We
developed a regression relating width to discharge at each site using Google Earth
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imagery spanning a range of discharges. We then estimated the width at which the
primary active channel would be filled, and calculated the associated discharge based on
the regression. We estimated ωc bank at each site using these width and discharge values.
We assumed that bank erosion begins at the discharge in which flow fills the main
channel and comes into contact with the banks due to low bank cohesion from sparse
vegetation and high sand content. We then divided ωc bank by the calculated ωc bed at each
site, and took the average to obtain a value of 4.2 for ϴ (Table S2). For each site, areas
eroded by channel migration between the two surveys were delineated in GIS. The area
eroded was then divided by the length of channel to calculate an average distance of bank
erosion for the reach. With ωc bank determined using equations 6 and 9, and a fixed for
each site, the erodibility parameter (k) was then calibrated using the flow data. Daily flow
for the interval between surveys, along with modeled width were used to calculate ωb for
each date. Equation 4 was applied to model bank erosion at each date, and the total bank
erosion between surveys summed. An optimization algorithm was then used to vary k
until the error between calculated bank erosion summed over all dates and the actual bank
erosion measured using DEMs and imagery was minimized (Lagarias et al., 1998).
Because ωc bank is related to k (Clark & Wynn, 2007), we fit a linear model to relate the
two so that k could be predicted at each network segment to apply equation 5. An initial
fit using only ωc bank as a predictor had a relatively poor fit (r2=0.27). By adding in
channel sinuosity (a proxy for radius of curvature which is an important factor in
meander migration (Begin, 1981; Sylvester et al., 2019)), the fit was substantially
improved (r2=0.93). Model robustness could be improved by incorporating additional
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data beyond the five data points used here (see user manual for additional explanation
and the data used).

We chose values for the gamma distribution parameters for modeling hillslope sediment
input rates based on published values for average sediment yields (Table 2). Erosion rates
inferred from sediment yields at gages and debris basins in the Western Transverse
Ranges, where the SCR basin is located, are highly variable ranging from 0.05 mm/yr to
9 mm/yr (Stillwater Sciences, 2011). Erosion rates in the nearby San Gabriel Mountains
range from 0.035-1.1 mm/yr based on cosmogenic nuclide analysis (DiBiase et al., 2010).
For the SCR basin in general, average sediment yield is 2,000 t/km2/yr, which is
equivalent to an effective erosion rate of 0.75 mm/yr (Table 2). To parameterize the
gamma distributions governing hillslope sediment delivery, we selected shape (8) and
scale (0.1 – 0.15) parameters that resulted in distributions ranging from 0.15 to 2.5
mm/yr, with modes between 0.7 and 1 mm/yr. The shape parameter was fixed for the
whole network, and scale varied using hillslope gradients by automatically generating a
linear relationship between the highest and lowest values of scale and the highest and
lowest local hillslope gradients present.

Table 2. Average sediment yield measured at gages and debris basins, and equivalent
effective erosion rates for various SCR sub-basins and the whole SCR basin, adapted
from Stillwater Sciences (2011).

Watershed
Haskell Canyon

Average
sediment yield
(t km-2 yr-1)
2,100

Equivalent
erosion rate
(mm yr-1)
0.79
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Santa Paula Creek
Piru Creek
Sespe Creek
Bouquet Canyon
Castaic Creek
San Francisquito
Canyon
Potrero Canyon

2,200
2,400
1,800
1,700
1,600

0.83
0.91
0.68
0.64
0.60

1,600
4,100

0.60
1.55

The model parameterizes a regression used to predict channel width at each segment at
each time step using a table of paired measurements of discharge and width, along with
drainage area. For the SCR this regression was
𝑤 = 0.547 + 0.97𝐷𝐴 + 4.91𝑄 (11)
and the r2 value of the relationship was 0.95.

Additionally, because the model uses Manning’s n to estimate flow depths, the user
supplies estimates for a low and high n value for the basin. Then, a linear model relating
n to grain size based on the grain size distribution for the basin is used to estimate n for
each segment (Smart et al., 2004; Strickler, 1981).

3.2

Outputs

Our model results illustrate the spatial and temporal variations in sediment balance
throughout Piru Creek, as well as the relative effects of flood magnitude and increased
erosion on sediment yield in Santa Paula Creek (which averages 2,200 tonnes/km2/yr).
We compared the initial, baseline run using 2018 hydrographs with two runs where
increased erosion due to the Thomas Fire was modeled. Using the 2018 hydrographs,
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sediment yield at the basin outlet did not differ significantly between the fire and no fire
scenario (580–690 tonnes/km2). Yield did increase in the steeper headwater areas where
the fire occurred, but 2018 was a dry year (1.4-year recurrence interval), with a short
flood flow duration. Our simulations indicate that flows were not sufficient to transport
this additional sediment to the basin outlet (Figure 3a/b) and that the additional sediment
generated by the fire ceased transport ~6.5 km upstream from the basin outlet, although
we recognize that fire-related washload components of the load may have indeed reached
the basin outlet. In contrast, using 2017 hydrographs (4-year recurrence interval; Figure
3c) resulted in a ten-fold increase in sediment yield to 6,200 tonnes/km2 (5,800 – 6,315),
as flows were sufficient to mobilize and transport the additional sediment load from the
fire. We assessed the model’s sediment storage outputs over the hydrologically active
period of the simulations to determine the effect of the different scenarios on sediment
storage. SeRFE modeled significant channel storage (Figure 4), and floodplain storage in
the small sections of floodplains present in the basin (Figure 5) under the 2018 scenario
relative to the 2017. These results illustrate that increased basin sediment yield after
wildfire is dependent on flows having both the competence to transport the sediment
inputs and duration long enough to move the mobilized sediment to the basin outlet.
Therefore, dry hydrologic conditions may have only modest effects on sediment yield,
but increases are more substantial when fire is coupled with wetter conditions. These
results are consistent with the findings of Murphy et al. (2019), that large amounts of
post-wildfire sediment are stored in floodplains or valley bottoms and in channels.

27

Figure 3. Sediment yield results for 3 SeRFE simulations in Santa Paula Creek: a)
baseline run with no disturbance and 2018 hydrograph; b) increased erosion from the
Thomas Fire and 2018 hydrograph; c) increased erosion from the Thomas Fire and 2017
hydrograph.
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Figure 4. Change in sediment storage at each segment in response to the 2018 (a) flow
scenario and 2017 (b) flow scenario with increased erosion from the Thomas Fire.
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Figure 5. Response in floodplain storage to increased erosion from the Thomas Fire under
the 2018 flow scenario (a) and the 2017 flow scenario (b). Under the low flows of 2018
floodplains were a sink for the sediment produced along with channel storage as
indicated in the sediment storage panel at the top. In 2017, the floodplains were sources
of sediment as flows were competent to cause bank erosion.
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In Piru Creek, the CSR output highlights the impacts of the dams on sediment balance
conditions. For the modeled flow conditions, the output highlights the spatial and
temporal increase in sediment deficit immediately downstream of Pyramid Dam relative
to other portions of the basin. During low to no flow conditions the entire basin is in
surplus (Figure 6a), and as the flood progresses, different parts of the basin respond
differently, with notable, lasting deficit downstream of Pyramid Dam (Figure 6b – d).
Starting 4.3 km downstream of the dam, the deficit is somewhat mitigated through time
by the combination of tributary influence and floodplain scour and sediment recruitment.
The sediment deficit is further reduced an additional 8 km downstream, where a
significant tributary enters. At the next large tributary junction, upstream from Lake Piru,
proportionally more sediment is contributed than flow (flows from the dam are
dampened), and the condition reverses to one of sediment surplus downstream into Lake
Piru in most conditions. Below Santa Felicia Dam, because of large storage capacity and
operationally driven flow, releases generally do not coincide with flooding in the rest of
the basin. However, a small increase in dam release occurred during the modeled flood,
resulting in some deficit for a short distance below the dam. Because the majority of Piru
Creek is fully confined in bedrock canyons, its geomorphic sensitivity to sediment
deficits is likely limited compared to alluvial channels.
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Figure 6. Model outputs for Capacity Supply Ratio (CSR), which is the flow’s transport
capacity divided by the available sediment supply, for Piru Creek through the progression
of the 2017 flood. The first time step shown (a) is before the flood, when the entire basin
is in surplus from no/low flows. As the flood progresses (panels b, c, and d), upstream
and downstream dams (Pyramid and Santa Felicia, respectively) affect spatial and
temporal components of sediment balances. The flood peak occurs between panels b and
c, and panel d is during the receding limb of the flood.
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In one reach downstream of Pyramid Dam, we quantified floodplain erosion and
compared it to model outputs. To do so, we compared a 2015 DEM to one we derived in
summer 2018. High uncertainty in the 2015 DEM prevented a geomorphic-change
detection (GCD) analysis, but we were able to delineate the spatial extent of areas that
were eroded within the floodplain. We then used the 2018 DEM to estimate the thickness
of the eroded areas based on the difference in elevations of freshly eroded surfaces
compared to adjacent surfaces that were not eroded, resulting in an average thickness of
~0.8 m. Multiplying this thickness by the eroded area and the assumed bulk density of 1.2
tonnes/m3 (from reservoir sedimentation surveys in the basin) used in the model resulted
in an eroded mass of 3,500 to 4,600 tonnes (Figure 7). The modeled range of floodplain
erosion for this segment was 3,300 to 4,400 tonnes (Figure 7), similar to the measured
range, providing confidence in our simulation of bank erosion.

Figure 7. Comparison of floodplain erosion for a reach of Piru Creek downstream of
Pyramid Dam, modeled using SeRFE (left) and measured from DEMs (right).

33

This bank erosion, combined with tributary inputs serves to mitigate to some degree the
sediment deficit caused by the dam. In this same study reach, of the sediment transport
that occurred during peak flows, floodplain erosion accounted for 12% and 50% of
sediment export from the segment on the two days of highest flow (Figure 8). Across the
entire network, during the two days of peak flow (232 and 233), floodplains contributed
1% and 2% of the total sediment yield respectively. When considering only segments that
were not fully confined (confinement < 0.9), floodplains contributed 3% and 7% of the
total sediment yield for the two days.

Figure 8. The quantity of sediment exported from a network segment of Piru Creek
(shown in Figure 7) during the time steps in which the highest flows occurred. The labels
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above the bars represent the proportion of sediment exporting the segment that came
from floodplain bank erosion.

4

4.1

Discussion

Model Assumptions/Limitations

For network-scale sediment-connectivity models such as SeRFE, some assumptions and
simplifications of the complex set of processes and spatial heterogeneity across
watersheds are required. SeRFE uses drainage area-discharge relationships to predict
flow, without accounting for sources of hydrologic variability such as groundwatersurface water interactions. Flow, and consequently sediment transport capacity, may
therefore be overestimated or underestimated in hydrologically losing and gaining
reaches, respectively. Hillslope sediment supply is also simplified, with spatial variability
in supply driven by hillslope gradients but neglecting other factors such as lithologic
heterogeneity. The influence of hillslope and riparian vegetation on flow and sediment
dynamics (e.g., sediment storage, bank erosion) (Corenblit et al., 2007; Corenblit &
Steiger, 2009; Lamb et al., 2013; Manners et al., 2015) is only implicitly accounted for,
in equation 4. Additionally, the typical paucity of data about details associated with bed,
bank, and floodplain sediments, such as full grain-size distributions, spatial and temporal
variability in grain size, and sediment bulk density, informs simplifications in SeRFE
(e.g., we assumed the bulk density of sediment deposits is constant). These
simplifications in turn limit SeRFE’s representation of factors relevant to sediment
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routing such as grain-size fractionation and sediment concentrations. We discuss our
treatment of uncertainty in grain-size data in section 4.2.

Predicting bank erosion at segment to network scales is especially challenging. Our
assumption that critical stream power for bank erosion is proportional to critical stream
power for bed mobilization across the basin may not be appropriate where riparian
vegetation and/or the grain size distribution of river banks is highly spatially
heterogeneous (Micheli et al., 2004), and we recognize that bed transport and bank
erosion may be controlled by spatially variable and distinct processes. By simply
calculating k based on measured values of ωc, we expect that SeRFE underestimates bank
erosion in areas with relatively sparse vegetation, and overestimates bank erosion in areas
with dense vegetation and woody species. At the watershed scale, this variability may be
offsetting such that assuming a constant relationship between ωc and k is suitable at these
scales, although validation would be needed to test this. At reach scales, insights
regarding variability in bank erosion could be useful for management and restoration. As
such, incorporating spatially explicit representation of riparian vegetation and accounting
for its impact on bank erosion would be a useful improvement. In calculating how ωc
relates to ωc bed we use an average value for ϴ (4.2) and apply it to the entire basin,
despite relatively high variability in ϴ values, which ranged from 1.3 to 9.1 (Table S2).
The lowest value is associated with a reach downstream of a dam, where the bed may
have coarsened due to sediment deficit, and the reach behaves more like a threshold
channel (i.e., bed mobilization occurs near bankfull flows). The largest value, on the
other hand, is associated with a reach low on the mainstem SCR that is primarily sand
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bedded, where incipient motion of the bed occurs at flows well below bankfull. Most of
the basin has mixed sand and gravel beds, for which the average value we obtained
should be applicable. By using a single value for ϴ, we assume that we can characterize
the whole basin as mixed sand and gravel bedded. An empirical relationship could be
developed describing a relationship between ωc bed and ϴ, rather than simply using an
average value. We did not do this in this application because the analysis consisted of
only five points, and would not produce a robust relationship. Additional quantitative
studies are needed to investigate how ωc relates to ωc bed in different types of rivers.
Modeling bank erosion without the assumptions involved in the use of ϴ could improve
model results, but would require methodology to model flow hydraulics and bank
composition and characteristics across large spatial scales.

4.2

Uncertainty in model outputs

The primary way that SeRFE tracks uncertainty is by quantifying uncertainty in the
measurements of grain size, and propagating that uncertainty throughout the sediment
transport modeling process. A large range in bed sediment size (e.g., from fine sand to
large boulders), as occurs in the SCR, inherently results in greater uncertainty in median
grain size. In streams with more uniform bed grain size, this uncertainty would be
reduced. Because an extrapolation method is used to attribute all network segments with
grain size values based on the field measurements, greater spatial coverage of field data
would reduce uncertainty. The range of grain size estimates produced by accounting for
uncertainty in the measurements is then used in calculating sediment transport, thereby
propagating this error. All model outputs, thus, report a median, minimum, and maximum
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value based on this propagation. In general, the range reported for overall sediment yield
is relatively small, but other outputs such as floodplain erosion and deposition can have
large ranges, spanning from negative to positive values. Therefore, when assessing model
outputs, the reported range as well as the magnitude can help to assess how meaningful a
particular output may or may not be for that particular segment.

Our outputs indicate that SeRFE, despite these simplifications, produces results that are
consistent with measured values. Additionally, much of the model is driven by data and
data extrapolation algorithms, and as a result, best results will be achieved by gathering
and including as much data on the factors influencing sediment routing as possible in the
modeling process.

4.3

DEM Resolution

SeRFE is constrained by the DEMs with which it is run. Because DEMs represent a
snapshot of the land surface in time, changes to channel slope and floodplain height since
the DEM was generated are not captured. SeRFE allows the user to run a “spin-up”
period, during which the model is driven by a provided hydrograph and the floodplain
heights and channel slopes are allowed to adjust to smooth out DEM artifacts. Various
sub-models use elevation from the DEM, and high-resolution DEMs will likely provide
higher accuracy in these outputs. For example, channel slope is determined from the
DEM and is used for modeling grain size and sediment transport. Additionally, elevations
from the channel and floodplain are used to estimate floodplain height.
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5

Conclusion

For this application, we used SeRFE to investigate the combined effects of increased
erosion due to wildfire and different flow scenarios on basin sediment yield and
floodplain and channel sediment storage. We also modeled the spatial and temporal
extent of dam-induced sediment deficit, and investigated how bank erosion contributes to
sediment supply which may serve to mitigate this deficit. Because the model is
generalizable and adaptable, it could be used for various other purposes, and in different
settings. For example, the model could be used to assess the potential impacts of different
flow release scenarios downstream from a dam. Because the erosional processes of the
model are coupled with flow conditions, it is ideal for investigating the spatial and
temporal components of erosion and sediment transport processes. Debris flows could be
simulated in areas known to be susceptible to mass wasting, and the spatial and temporal
propagation of the sediment pulse simulated under various flow conditions. Similarly, the
relative influences of flood magnitude and flood duration on processes of sediment
transport and bank erosion could be investigated. The various potential applications
highlight the potential utility of the tool for managers and practitioners.

SeRFE provides a useful framework for assessing sediment dynamics in rivers at both
temporal and spatial scales that are relevant to managers and restoration practitioners. By
accounting for longitudinal connectivity through network topology and lateral
connectivity through floodplain-channel sediment exchange, the model is able to simulate
the propagation of disturbance through drainage networks, allowing users to assess how
such disturbances may impact a reach of interest. This modeling approach thus provides

39

important contextual information about sediment balance, morphological change, and
potential cascading effects on both riverine and floodplain habitats, to inform
management and restoration.

Computer Code Availability
SeRFE
Developed by Jordan Gilbert
University of Montana Department of Geosciences
Charles H Clapp Building 126
Missoula, MT 59812
jordan1.gilbert@umontana.edu
First available: 2020
Hardware required: PC (runs faster with better hardware)
Software required: GIS software of choice (e.g. ArcGIS, QGIS), Python
Program language: Python 3
Program size: 11.5 MB
Model and user manual available at: https://github.com/jtgilbert/serfe
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Supplemental Information for: Sediment Routing and Floodplain Exchange
(SeRFE): A Spatially Explicit Model of Sediment Balance and Connectivity through
River Networks

Contents of this file

Text S1 to S2
Figures S1 to S5
Tables S1 to S2

Introduction

This supplement provides additional information regarding the sub-models and
calibration of the SeRFE model. The text, figures, and tables herein help to explain how
the model works and present the data that was used for and results of model calibration.

Text S1.
The “baseline hydrology” sub-model in SeRFE uses tables containing the drainage area
and two-year recurrence-interval flood magnitude for every gage within the basin to
develop a drainage area-discharge relationship, and attribute each segment of the
drainage network with a two-year flood (Q2) value. The model produces a figure with
each data point, the equation for the relationship, and associated r2 value (Figure S1). The
exponent of this relationship determines that shape of the curve for the drainage areadischarge relationship, while the coefficient determines the flow magnitude. SeRFE
models flow at each time step, holding the exponent of this relationship constant and
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updating the coefficient using daily gage data. For segments upstream of dams (i.e.
without flow alterations) a new coefficient is calculated at each time step using gages that
are both upstream of the given segment and above any dams. The new coefficient is then
used to estimate the flow for that time step. Downstream of dams, the process is the same
for finding the equations coefficient, but to account for the influence of the dam, the
dam’s drainage area is subtracted from the segments drainage area when applying the
flow equation, thus modeling only flow generated within the landscape downstream of
the dam. This value is then added to the value at the dam outlet to account for flow
alteration.
Text S2.
SeRFE uses a simple algorithm to extrapolate critical discharge (Qc) values calculated
from grain size measurements at field locations to the rest of the drainage network. For
each location, the ratio of Qc to two-year recurrence interval discharge is taken (Qc/Q2).
Although Qc, Q2, and Qbf (bankfull discharge) may have similar magnitudes in some
gravel-bedded, threshold channels (e.g. Andrews, 1980), Qc/Q2 can vary significantly in
differing environments and different bed compositions. For example, in high sediment
load, mixed sand and gravel-bedded rivers Qc is often significantly lower than Qbf
(Pfeiffer et al., 2017). At a previous point in the modeling process, each segmented is
attributed with a Q2 value (Text S1), and this value along with the calculated Qc/Q2 ratios
are used to attribute all network segments with a Qc value. Where there are no grain-size
measurements upstream of a given site, that site’s Qc/Q2 ratio is applied to all upstream
segments to estimate the range of Qc values for each segment. This ratio is then applied to
segments downstream of each measurement. Below tributary confluences, the average
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Qc/Q2 ratio from the two upstream segments is used. Branches without any measurements
use the nearest measurement and apply its Qc/Q2 ratio. The prediction interval from each
measurement is used to model a range of Qc values (Figure S5), such that each segment
ends up with an attribute for low, median, and high estimates of Qc.

Figure S1. An example of a plot produced by the “baseline hydrology” sub-model of
SeRFE, which calculates a drainage area-discharge relationship of the two-year
recurrence-interval flood based on gages provided.
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Figure S2. A conceptual diagram illustrating how parameters governing the distribution
characterizing sediment delivery are spatially varied based on local hillslope gradient.
The y-axis represents the total range of possible values of sediment delivery rates for the
basin, and the shift in the distribution accounts for the spatial variability in these values.
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Figure S3. For each network segment, SeRFE calculates associated floodplain area and
thickness. Thickness is estimated by subtracting the average elevation along the low flow
channel from the average floodplain elevation. Area is multiplied by thickness to
calculate the total volume of sediment stored in the floodplain for a given segment.
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Figure S4. An example of results from SeRFE’s confinement algorithm. Areas where
there is no floodplain have a value of 1 (fully confined), network segments that never
come in contact with the edge of the floodplain (confining margin) have a value of 0
(fully unconfined).
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Figure S5. For each site where grain size measurements are made, the data is
bootstrapped 100 times, with a median value taken each time (top plot) in order to
quantify uncertainty in measurements. This range of median values is then used to
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estimate critical discharge, and the 90% prediction interval is used to calculate a
minimum and maximum critical discharge in addition to a mean critical discharge
(bottom).

Table S1. Grain size modeling results using all eight sites for calibration. All units are in
mm.
Site
Montvalo
SCR3
SCR6
Sespe
CountyLine
SCR13
BluePoint
SantaPaula

Measured
0.86
2.03
1.87
4.5
1.25
4.46
11
7.88

Predicted
2.15
1.99
1.81
4.15
1.16
3.96
11.37
7.7

Minimum
0.1
0.094
0.37
3.47
1.01
2.16
6.2
7.2

Maximum
3.5
3.23
2.78
4.76
1.31
5.41
15.54
8.2

Residual
1.29
0.04
0.06
0.35
0.09
0.5
0.37
0.18

Average

0.36

Table S2. Critical stream power, estimated stream power at which the active channel is
filled, and the ratio between the two for five study reaches.

Site
Blue Point
Osito
County Line
Sespe
Shiells
Average

ωc bed
3.027
6.500
0.240
2.302
0.210

ω active
channel (ωc bank)
9.553
8.536
1.110
6.396
1.917

ϴ
3.16
1.31
4.62
2.78
9.13
4.20
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An ecogeomorphic framework coupling sediment modeling with
invasive riparian vegetation dynamics

1. Introduction
1.1. Riparian vegetation and morphodynamics
Bidirectional interactions between riparian vegetation and fluvial processes are an
important driver of the physical and ecological development of river-floodplain
ecosystems (Corenblit et al., 2007; Osterkamp & Hupp, 2010). Fluvial processes
transport and deposit sediment, creating patches conducive to recruitment of pioneer
riparian vegetation (Fraaije et al., 2015; Gurnell et al., 2012). These processes also cause
a disturbance gradient that can promote or inhibit recruitment of particular vegetation
guilds (Fraaije et al., 2015; Hough-Snee et al., 2015). Ecological succession results in
shifts in species composition through time, with each species possessing functional traits
that produce different plant-morphodynamic interactions (Diehl et al., 2017). Fluvial
processes can also cause vegetation mortality through bank erosion or burial (Kui &
Stella, 2016). Riparian vegetation, in turn, affects these processes by interacting with the
flow, creating heterogeneity in flow velocity fields and resulting sediment transport
capacity (Manners, Rebecca et al., 2013; Manners, Rebecca B. et al., 2015). Vegetation
also stabilizes channel banks, which directly controls planform and geometry (Gran &
Paola, 2001; Tal & Paola, 2010). Because of these interactions, the riparian species
composition and associated traits for a given river system have important implications for
channel form and overall ecosystem structure and function.
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Invasion by non-native riparian species is a common stressor of river-floodplain
ecosystems globally (Friedman et al., 2005; Hardion et al., 2014; Richardson et al.,
2007). Non-native species often differ from native species both ecologically and
morphologically, and as a result interact with riverine flow and sediment dynamics
differently (McShane et al., 2015; Van Oorschot et al., 2017). Invasive species can
change channel roughness, altering flow velocities, which can in turn induce channel
erosion or deposition (Martinez & McDowell, 2016). Woody invasive species often cause
an increase in channel and bank stability, which drives channel narrowing and incision
(Cadol et al., 2011; Rowntree, 1991). Removal of such vegetation, conversely, has
resulted in channel widening (Pollen-Bankhead et al., 2009). Other species can reduce
stability, increasing susceptibility to bank erosion and channel change (Stover et al.,
2018). Regardless of whether vegetation is native or non-native, expansion or contraction
of vegetation can alter channel form and processes.

1.2. Arundo donax
Arundo donax (commonly known as giant reed, hereafter Arundo) is a perennial, largestatured grass that is native to tropical and temperate regions of the greater Middle East,
and has successfully invaded riparian corridors and wetlands in Mediterranean climates
worldwide (Hardion et al., 2014). Arundo frequently grows in dense, monotypic stands
(Lambert et al., 2010) in a manner that can have cascading effects on community
vegetation assemblages, displacing native vegetation and altering riparian and aquatic
habitat (Cushman & Gaffney, 2010; Maceda-Veiga et al., 2016). Arundo invasions have
likely been facilitated by adaptations that make it well suited to thrive within the natural
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and anthropogenic disturbance regimes common in Mediterranean climates (Quinn &
Holt, 2008). Arundo has very high growth rates and rapidly colonizes following fire,
which is common in this climate (Coffman, Gretchen C. et al., 2010). In late autumn and
winter, when it dries and dies back, it becomes an excellent fuel for wildfires, increasing
landscape susceptibility to fire and creating additional opportunity for post-fire
colonization. Arundo grows in a variety of soils and soil moisture conditions, but thrives
in mesic soils of floodplains and wetlands (Quinn & Holt, 2008) (Figure 1). Increased
availability of nitrogen and other nutrients (Coffman, Gretchen Christina, 2007; Lambert
et al., 2014), as often occurs in runoff associated with urban and agricultural land use,
also creates conditions favorable for Arundo establishment.

Figure 1. Aerial (A) and ground (B) views of an Arundo stand in a floodplain riparian
area, Santa Clara River, CA.

Interactions between fluvial sediment dynamics and Arundo are poorly understood but
potentially important both for channel form and processes and for Arundo spread and
recruitment. Outside of its native range, Arundo seeds are sterile, and the plant
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reproduces vegetatively via rhizomes (Saltonstall et al., 2010). During high flows, plants
are uprooted and transported downstream. Portions of rhizomes break off during
transport, and when they are subsequently deposited in fresh, bare sediments, they rapidly
utilize available resources to take root and establish (Lambert et al., 2014). Rhizome
fragments as small as 2 cm2 will sprout in a variety of soil types, depths and soil moisture
conditions (Boose & Holt, 1999; Wijte et al., 2005). Because of this dependence on
rhizome transport for reproduction, Arundo invasion spreads from upstream to
downstream in watersheds (Bell, 1998).

Arundo establishes well in depositional environments with high water availability, and as
a result, often establishes near the banks of rivers. Arundo has a lower tensile strength
than most riparian species native to Mediterranean climates, and has shallow rooting
depths compared with many of these plants (Stover et al., 2018). These factors result in
reduced bank stability where Arundo establishes compared to banks colonized by native
vegetation (Stover et al., 2018). These functional traits cause geomorphic feedbacks,
where banks are more easily eroded, resulting in channel change and additional uprooting
and transport of Arundo plants. Consequently, bank erosion and sediment transport are
important components in understanding interaction between fluvial processes and this
riparian species, and are thus crucial for coupled modeling approaches.

1.3. Vegetation and sediment modeling
Despite advances in understanding of vegetation-morphodynamic feedbacks (e.g., Politti
et al., 2018), vegetation is poorly represented in models of sediment dynamics at various
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scales. Coupled with representations of vegetation dynamics, sediment models can
facilitate understanding and prediction of morphologic evolution, changes to vegetation
composition and cover, and their interactions. Most sediment models that explicitly
account for lateral interaction with the floodplain are applied at localized (reach) scales
rather than at the larger (catchment) scale pertinent to management problems such as
riparian invasions or land use change. While many of the models of combined plant and
hydromorphic dynamics have been conceptual, some numerical models have been
developed (Solari et al., 2016). Models that couple hydromorphological processes with
riparian vegetation have highlighted different components of these relationships,
including the effect of vegetation on river meandering and planform (e.g. Crosato &
Saleh, 2011; Perucca et al., 2007) and on flow and sediment dynamics (e.g. Bertoldi et
al., 2014; Camporeale et al., 2013; Hooke et al., 2005).

Sediment models focused on bank erosion and channel stability implicitly account for
vegetation interactions by including its effect on bank stability. Bank erosion occurs
when the erosive forces of the flow exceed the cohesive forces stabilizing river banks.
The factors that affect these forces can be conceptualized differently at different spatial
scales. At fine scales, the velocity structure of the flow characterizes the erosive force
acting on the banks, and various velocity-based models have successfully simulated bank
erosion (Parker, G. et al., 2011; Pizzuto & Meckelnburg, 1989). The cohesive forces are
determined by soil characteristics such as clay content (Couper, 2003) and density and
configuration of roots (Millar, 2000; Pollen-Bankhead & Simon, 2010), as well as porewater pressure in the soil. Additionally, erosional effectiveness can be decreased through

67

bank strengthening feedbacks such as slump block failure creating bank armor (Parker,
G. et al., 2011). Erosional forces can also be characterized using metrics like reachaveraged or excess shear stress (Partheniades, 1965) or stream power. Various detailed
morphodynamic models couple bank stability models that simulate geotechnical failure
with bank erosion (e.g. Darby et al., 2007; Klavon et al., 2017; Simon et al., 2000). At
broader scales, where such models are difficult to parameterize, characteristics such as
channel radius of curvature (or sinuosity), valley confinement, cumulative stream power,
and surrounding land use have been shown to correlate with bank erosion (Janes et al.,
2017; Larsen et al., 2006; Micheli et al., 2004).

Although vegetation in sediment models is most often accounted for implicitly using its
effect on sediment properties, some modeling approaches explicitly model the effects of
vegetation. Increasingly, multidimensional hydrodynamic models explicitly incorporate
the effect of drag induced by vegetation on flow (Shields Jr et al., 2017). For example, in
the hydrodynamic model NAYS2DH, grid cells can be assigned values representing the
area of interception by vegetation, drag coefficient for the vegetation, and the height of
vegetation. These values are used in the simulations to model the 2D effect of the
vegetation on flow and drag forces (Jang & Shimizu, 2005; Nelson et al., 2016).

By coupling models of sediment dynamics that incorporate floodplain interactions with
models or data on riparian vegetation, frameworks can be developed to assess the
relationships between the physical processes and riparian vegetation dynamics of river
systems. Such frameworks can assist in riparian management and restoration decision
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making. By incorporating important feedbacks between flow, sediment transport, and
vegetation recruitment and mortality, such frameworks can provide a more
comprehensive representation of the overall river system.

1.4. Objective
In this study, we present an ecogeomorphic framework combining sediment and riparian
vegetation models. Specifically, we combined a catchment-scale, spatially explicit model
of sediment dynamics with a simple recruitment model for an invasive riparian species.
We applied this analysis to the Santa Clara River basin in Southern California to address
management concerns related to river-floodplain degradation due to the spread of
invasive vegetation. Our objectives are to demonstrate how combining sediment and
vegetation dynamics into a coupled ecogeomorphic framework can provide useful
insights into interactions between the physical and ecological components of the river
system and can inform management and restoration.

2. Methods
2.1. Study Area
Arundo invasion has occurred along rivers across Southern California, displacing native
willow and cottonwood, consequently reducing habitat quality for endangered bird
species such as the Southwestern Willow Flycatcher (Empidonax traillii extimus) and
Least Bell’s Vireo (Vireo bellii pusillus) (Stanton et al., 2019). In this study, we focus
specifically on the sediment dynamics and Arundo invasion of the Santa Clara River
(SCR) watershed in Southern California (Figure 2). The SCR drains one of the largest
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coastal basins in Southern California (~4,200 km2). The river begins in the San Gabriel
Mountains of the Western Transverse Ranges, and flows west for ~135 km to where it
drains into the Pacific Ocean. Various tributaries draining the Transverse Ranges empty
into the SCR from the north, contributing additional flow and sediment. The mountainous
areas in the lower basin receive 100 mm of rain annually, compared to the 20 mm that the
valley of the upper basin receives. Temperatures are also much more variable in the
upper basin (ranging from three to 35 degrees C) than at the basin outlet (ranging from
eight to 24 degrees C). Overall, the basin has a Mediterranean style climate, with
precipitation falling during winter and spring months, and warm dry summer and autumn
months. The area is also heavily influenced by ENSO, with El Nino driven storms
producing the majority of the basin’s precipitation and resulting runoff (Andrews et al.,
2004).
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Figure 2. Location of the Santa Clara River watershed in Southern California, including
study reach and field measurement locations.

The Western Transverse Ranges are a tectonically active area undergoing rapid uplift
(Warrick & Mertes, 2009). Uplift rates, calculated using measured sediment yields at
various locations range from 0.05 to 9 mm yr-1 (Orme, 1999). In most of SCR basin,
uplift rates average 1 to 1.5 mm yr-1 (Booth et al., 2014; Warrick & Mertes, 2009).
Although some higher elevation areas of the basin are composed of more resistant
igneous rocks, most lower elevations are made up of softer, more erodible sedimentary
rocks. The combination of erodible rock and large uplift rates result in high sediment
production. The SCR is also an episodic system; infrequent, high-intensity, short-duration
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storms driven by El Nino events are responsible for the majority of the flow (Andrews et
al., 2004) and geomorphic work within the watershed (Williams, 1979).

Despite its proximity to the Los Angeles metropolitan area, the SCR remains relatively
less degraded than nearby river systems. Much of the catchment occupies United States
Forest Service (USFS) land, including designated wilderness, and is in relatively natural
condition. Along the mainstem, much of the valley has been converted to agriculture,
however, large extents of floodplain remain connected and accessible to the river.
Urbanization is concentrated near the mouth of the river in Ventura and the Oxnard plain,
and in the Santa Clarita Valley on the upper river. A history of disturbance, however, has
altered flow and sediment dynamics within the watershed in different ways through time.
Downs et al (2013) summarizes the history of anthropogenic disturbance in the basin
beginning with settlement in the 1800s. Several large dams were constructed on SCR
tributaries in the mid-1900s (Figure 2). During this time period, the SCR corridor was
also impacted by levees and bank armoring for flood control, and aggregate mining. In
the lower river, mining caused significant incision, creating a knickpoint that migrated
upstream. In 1991, the Vern Freeman Diversion was constructed, which served both to
recharge depleted groundwater and as a grade control against ongoing incision. Wildfires
are an important component of the basin’s disturbance regime, and have significant
impacts on sediment yield (Florsheim et al., 1991; Warrick & Rubin, 2007). Fires in the
region generally occur from late summer through autumn and are often driven by Santa
Ana winds (Keeley & Fotheringham, 2001). Finally, invasion of nonnative vegetation has
been a longstanding and ongoing disturbance along the SCR. Arundo was intentionally
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planted in the area as long ago as the early 1820s for erosion control and as a windbreak.
The flood of record (1969) served to redistribute Arundo widely throughout floodplains
and terraces along the river. Large, persistent stands from this event remain, and
subsequent flood events have served to further transport and redistribute Arundo through
the mainstem SCR.

The SCR corridor provides important habitat to endangered species of songbirds. The
watershed is also important for the southernmost population of Steelhead trout
(Oncorhynchus mykiss), whose populations have plummeted as a result of the
combination of disturbances to the SCR (Kelley, 2004). Various stakeholders have been
engaged in restoration planning and implementation ranging from restoring connectivity
by upgrading or removing diversions, culverts, and other obstacles to fish passage, to
ecological restoration of riparian areas by removing Arundo and replanting native
vegetation to benefit bird species (Kus, 1998). For example, The Nature Conservancy
(TNC) has purchased various tracts of land along the SCR, which they are using both as
conservation nodes to increase connectivity for wildlife and to perform restoration to
improve function of the riparian ecosystems along the SCR (Parker, S. S. et al., 2014;
Parker, S. S. et al., 2016).

2.2. Modeling and Analysis
To address our objective, we developed a simple statistical model of Arundo recruitment
potential using geospatial analyses of remote sensing data. We combined these modeling
results with a spatially explicit model of basin sediment dynamics, which was calibrated
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and validated using field data that we collected in addition to previously collected
datasets. For geospatial analysis and modeling purposes, we used a shapefile of the SCR
and some of its major tributaries. This shapefile was broken into reaches of
approximately 1 km in length (ranging from 0.515 km to 2 km). Our analyses focus on
the maintstem SCR from upstream of Castaic Creek to its mouth (Figure 2).

2.2.1. Arundo mapping and recruitment potential analysis
Arundo has been inventoried and mapped in the SCR (Stillwater Sciences & URS
Corporation, 2007), but the spatial arrangement and area of stands has changed since
those efforts. We used Google Earth imagery from summer 2018 to map Arundo stands.
Because of its unique spectral and textural signatures, Arundo is readily identifiable in
aerial imagery (Fernandes et al., 2013). From the mouth of the SCR upstream to a point
upstream of the confluence with Castaic Creek, we delineated stands, which we defined
as groups of vegetation in which Arundo comprised 50 percent or more of the areal
extent, at a ~1:3,000 scale. We also performed supervised image classification of highresolution orthophotos to delineate stands, and compared the resulting delineations to
those developed from Google Earth imagery. Because of the different mapping scales
(1:3,000 for Google Earth and 1:1,000 for image classification) additional stands were
mapped from image classification that were not mapped in Google Earth, however, these
were generally small, and the remaining stands align well in both datasets.

We performed a geospatial analysis to categorize each reach of the SCR according to
Arundo recruitment potential. This classification was based on two criteria: groundwater
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availability/base flow regime and potential floodplain nutrient enrichment (Decruyenaere
& Holt, 2005; Lambert et al., 2014). To determine the first of these, we characterized the
flow regime of each reach as quasi-perennial, intermittent, or dry. There are six distinct
groundwater basins along the lower SCR, with varying depths and degree of interaction
with the surface. Two narrows, Piru Narrows and Fillmore Narrows, occur where
groundwater reservoirs are restricted by faulting, causing upwelling of groundwater
(Burton et al., 2011). We classified river reaches where upwelling groundwater results in
surface water flow for the majority of the year (6 or more months) as quasi-perennial.
Reaches that are underlain by groundwater that fills during the rainy months, creating
saturated conditions that result in dependable intermittent flow during the wet season
(fewer than six months) were classified as intermittent. In the remainder of the reaches,
groundwater basins are much deeper, resulting in losing reaches that only flow during
flood events. We classified these reaches as dry.

Given the role of nutrients in facilitating Arundo invasion, we then identified reaches
where floodplain soils have potentially higher nutrient content due to agricultural
practices. To do so, we identified canals that drain agricultural lands, terminating in the
corridor of the SCR. We used the National Land Cover Dataset (NLCD), a 30 m
resolution LANDSAT-derived dataset to delineate agricultural lands along the river, and
extracted flow lines encoded as canals from the United States Geologic Survey’s (USGS)
National Hydrography Datasets (NHD). Each reach of the drainage network was then
assigned a classification for Arundo recruitment potential using a simple inference
system based on a rule table (Table 1).
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Table 1. Inference system rules for classifying Arundo recruitment potential of each
reach.

Flow regime
quasi-perennial
intermittent
intermittent
dry
dry

Canal
intersection
yes/no
yes
no
yes
no

Arundo
recruitment
probability
high
high
moderate
moderate
low

To test our classification for Arundo recruitment, we compared mapped Arundo stands to
the recruitment potential classification. The floodplain was split using a Thiessen polygon
algorithm, which generates polygons, each of which a single stream reach intersects, and
within which every point is nearer to that reach’s midpoint than to any other reach’s
midpoint. We calculated the Arundo stand area within each polygon, resulting in a
recruitment classification and stand area associated with each reach. We then used the
Kruskal-Wallis test to determine whether the median of the distribution of stand area was
different for each of the recruitment potential classes. This non-parametric test was
suitable because more than two classes were compared, and the stand-area data for all
classes was skewed, with large numbers of zero values in reaches where no stands
occurred.
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2.2.2. Sediment modeling
To model basin sediment dynamics, we used the Sediment Routing and Floodplain
Exchange (SeRFE) model (see first manuscript of this thesis). SeRFE is a spatially
explicit, geospatial model that simulates sediment recruitment, transport, and deposition
on a reach-by-reach basis at the spatial scale of an entire basin. It uses floodplain
delineation and channel confinement algorithms to quantify the floodplain sediment
stores available, and the proportion of the network that can laterally adjust through bank
erosion to recruit those stores. It uses a generalizable, excess stream power bank erosion
equation that is calibrated to the basin based on surveyed measurements of bank erosion.
Additionally, disturbances that alter both sediment and flow regimes, such as dams,
wildfires, and landslides can be accounted for in the simulations, and their effects
propagated through the drainage network. We ran SeRFE using the hydrograph for the
2017 water year, during which a moderate (~5 year recurrence-interval) flood occurred.
The model was calibrated as described below, and the influence on flow and sediment
flux of three tributary dams was accounted for.

As sediment transport is highly dependent on bed grain size (D), SeRFE uses an
extrapolation algorithm based on modeled hydraulics to model median grain size and a
prediction range for every reach of the drainage network using values measured in the
field. We gathered data previously collected by the USGS and Stillwater Sciences (2011)
on bulk grain size distributions to obtain even spatial coverage along the mainstem SCR
(6 locations; Figure 2). The average error over the six sites was 0.36 mm, and the
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modeled D50 (median grain size) fell within the predicted range of D50 at all sites (see
first manuscript of this thesis).

SeRFE uses an equation that calculates bank erosion based on excess stream power.
Stream power is defined as the rate of energy dissipation of the flow against the channel
bed and banks, and is calculated by
Ω = 𝜌𝑔𝑄𝑆

(1)

where Ω is total stream power (W m-1), ρ is the density of water (kg m-3), g is
acceleration due to gravity (m s-2), Q is discharge (m3 s-1), and S is bed slope
(dimensionless). Stream power can be normalized by dividing Ω by the flow width,
resulting in unit stream power (ω). SeRFE uses the equation
𝜀 = 𝑘(𝜔0 − 𝜔𝑐 )𝑎

(2)

where erosion rate ε is in m s-1, k is the erodibility parameter (m3 W-1), ω0 is reachaveraged unit stream power, and ωc is the critical unit stream power at which bank
erosion begins. We set the value of a to 0.5 after Khanal et al. (2016), however, it can
range from 0.5 to one.

Applying equation 2 to model bank erosion at large scales is difficult for a variety of
reasons, including local variability in k and ωc. At specific locations, k can be measured
directly using jet tests (Clark & Wynn, 2007), and ωc could be calculated based on bank
sediment characteristics, including grain-size distributions, packing and cementing, but
even local and reach-specific data on these parameters are challenging to collect. To
estimate these parameters for every reach at the basin scale, we use an approach whereby
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we use measurements at study reaches to calibrate these parameters and then extrapolate
them to all stream reaches.

The critical unit stream power for bed mobilization (ωc bed) can be calculated using bed
grain diameter (D) based on the relation for dimensionless stream power (ωc*) formulated
by Parker et al. (2011):
𝜔𝑐∗ =

𝜔𝑐 𝑏𝑒𝑑
𝜌 −𝜌
𝑔(𝜌𝑠 −𝜌)√ 𝑠 𝑔𝐷 3

,

(3)

𝑝

where ρs is the density of sediment (kg m-3). Various incipient motion datasets suggest an
average ωc* of 0.1 (Lammers & Bledsoe, 2018; Parker, C. et al., 2011), which we
combined with modeled values of D to find ωc bed.

We then used our estimates of critical stream power for bed mobilization (ωc bed, from
equation 3) to model bank erosion. We link ωc (from equation 2) and ωc bed using a bank
mobilization factor (ϴ), representing the quantity of stream power required to mobilize
the banks compared to the bed:
𝜔𝑐 = 𝜃 ∗ 𝜔𝑐 𝑏𝑒𝑑 .

(4)

Equation 4 relies on the assumption that ωc varies linearly with ωc bed and is similar to the
μ’ metric used by Millar (2005). When ϴ =1, bed mobilization and bank erosion initiate
at the same flow, and ϴ >1 means that additional stream power is required to initiate
bank erosion. In gravel-bedded, threshold channels with non-cohesive banks, where
incipient motion of the bed begins near bankfull flow, ϴ would be approximately one
(Millar, 2005; Mueller et al., 2005). Where banks do have cohesion (as in the real world),
values of 1.2 (Parker, G., 1978) and 1.4 (Millar, 2005) have been suggested. In non-
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threshold, sand-bedded channels where incipient bed motion begins well below bankfull
flows, additional flow, and consequently additional stream power would be required to
initiate bank erosion, and ϴ would be greater than these values. The bank mobilization
factor could further be influenced by differences in cohesion between bed and banks due
to organic matter and clay, and streambank vegetation (Millar & Quick, 1993).

By using equation 4 to find ωc, k can be calibrated using measurements of bank erosion.
To accomplish this calibration, we performed photogrammetric surveys in summer 2018
at five study locations within the SCR basin. We used Structure-from-Motion (SfM) to
derive digital elevation models (DEMs) from the photographs (Westoby et al., 2012), and
compared these DEMs to DEMs generated from a 2015 LiDAR survey to quantify bank
erosion during the period between surveys. We compiled daily flow records for each site
for the same time period, and developed a regression for each site relating channel width
to discharge from Google Earth imagery spanning various dates with highly variable
discharge. Using these channel width regressions and the measured flow, we calculated a
stream power for each date. For each site, ωc was calculated using grain size
measurements, and equations 3 and 4. Finally, k was calibrated by adjusting its value and
applying equation 2 to each date of the flow record and summing up the calculated bank
erosion, subsequently adjusting k until the absolute error between calculated and
measured erosion was minimized using the Nelder-Mead optimization algorithm
(Lagarias et al., 1998).
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To calibrate bank erosion, we first obtained a ϴ value of 4.2 in equation 4 using our five
study reaches (see first manuscript of this thesis). This value was used to calculate ωc at
each site. With 5 paired values of ωc and k we developed a relation to predict k using ωc
(equation 5; r2 = 0.93).
𝑘 = 4.49𝐸 −6 + 1.53𝐸 −7 ∗ 𝜔𝑐 − 4.56𝐸 −6 ∗ 𝛾

(5)

In equation 5, ϒ is channel sinuosity (calculated and attributed to network reaches during
the SeRFE modeling process). Because every network reach is attributed with a D50
value, equations 3 and 4 can be used to calculate a ωc value, allowing k to also be
estimated at every reach.

SeRFE tracks flow, sediment flux, sediment storage, and sediment balance outputs for
each network reach at each time step. Sediment storage can be separated into channel
storage and floodplain storage. All outputs can be visualized or summarized over a
specified time interval. Here, we focus on the sediment balance output and the floodplain
sediment storage outputs due to their importance with respect to Arundo transport and
recruitment during the hydrologically active period of the simulation (days 232-295;
there was little to no flow during the remainder of the time period simulated). Sediment
balance is represented in SeRFE outputs using a “Capacity to Supply Ratio” (CSR) which
is simply the transport capacity for each reach divided by the sediment available for
transport (Soar & Thorne, 2001). Sediment fluxes and storage are in tonnes, using an
assumed bulk density for the basin to convert from volume to mass.
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2.2.3. Arundo sources and sinks
To produce a coupled ecogeomorphic framework relating sediment dynamics and Arundo
recruitment, we combined the outputs of the Arundo recruitment potential analysis with
the floodplain erosion/deposition outputs from SeRFE, producing an output highlighting
potential source and sink areas for Arundo. Confidence in erosion or deposition was
assessed based on the modeled range of floodplain change, which accounts for
uncertainty based on uncertainty in median bed grain size. If the entire range was positive
or negative, we assigned high confidence of deposition or erosion respectively. If the
majority (but not all) of the range was positive or negative, we assigned moderate
confidence of deposition or erosion. We used a simple inference system with a rule table
(Table 4) to characterize different zones. Because the model is based on simulated
geomorphic change and recruitment potential, it emphasizes the geomorphic component
of riparian vegetation change and does not address other biotic processes related to its
spread (see discussion).

Table 2. Rule table for the Arundo source/sink analysis.
Arundo
recruitment
potential
high
high
high
high
high
moderate
moderate
moderate
moderate

Floodplain
Confidence
change
erosion
erosion
deposition
deposition
None
erosion
erosion
deposition
deposition

high
moderate
high
moderate
high
moderate
high
moderate
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Zone
strong source
moderate source
strong sink
moderate sink
none
moderate source
weak source
moderate sink
weak sink

moderate
low

none

none
none

2.3. Model Output Validation
We assessed model outputs in the context of three study reaches where we collected
aerial imagery associated with the aforementioned photogrammetric surveys. The three
study reaches were within properties owned by TNC, where restoration actions targeted
at reducing Arundo coverage are in various stages of planning and implementation. The
upper reach is located above the confluence of Sespe Creek with the SCR, the middle
reach is between Sespe and Santa Paula Creeks, and the lower reach is below Santa Paula
Creek, just upstream of the Vern Freeman Diversion (Figure 2).

To validate our Google Earth imagery classification, and to assess change in Arundo area
through time, we used aerial imagery collected during the photogrammetric surveys. We
classified orthophotos of each reach into eight classes using supervised classification in
ArcGIS. We then extracted the pixels classified as Arundo, and used a DBSCAN
clustering algorithm to group Arundo pixels into stands. Stands were defined as clusters
of at least 100 pixels (10 m2) where distances between pixels were no more than 8 m.
These clusters were then polygonized to compare to a previous classification from 2007.
Polygons in the 2007 dataset characterized as having 50% or greater Arundo cover were
extracted to maintain the same “stand” definition throughout all datasets.

We then assessed geomorphic change at the three reaches by comparing DEMs from
2015 and 2018, as well as imagery from both dates. DEMs were used to quantify
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planform change and imagery was used to identify floodplain deposition and erosion. We
compared these estimates of geomorphic change with SeRFE model outputs.
Additionally, we performed hydraulic modeling using FASTMECH to validate SeRFE’s
simulations of floodplain inundation and possible sediment deposition at specified flows.

3. Results
3.1. Arundo recruitment potential modeling
Arundo stands mapped in Google Earth using summer 2018 imagery lined up well with
stands mapped using image classification. The Arundo recruitment potential analysis also
correlated well with the mapped stands. Median stand area values were significantly
different for each of the recruitment potential classes (p < 0.001), with greater stand area
being associated with segments categorized as “high” recruitment potential (Figure 3).

Figure 3. Output of the Arundo recruitment potential analysis and the Arundo stands
mapped from summer 2018 imagery.
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3.2. Sediment modeling
Sediment balance, averaged over the hydrologically active period of the simulation (days
232-295), varied along the mainstem, with patterns reflecting spatial variability in flows
during the modeled period and the effects of tributary dams on sediment supply (Figure
4). Sediment balance along the SCR during the 2017 flood shows spatial patterns similar
to long-term observations (1930s and 1940s to 2005) of channel incision and aggradation
(Downs et al., 2013). The SCR basin upstream of Sespe Creek produces abundant
sediment, but dam operations that reduce flood peaks on Castaic and Piru Creeks reduce
the transport capacity sufficiently to cause sediment surplus. Long-term measurements
show channel aggradation in this area. During the 2017 flood, flow magnitudes were
enough to cause spatial heterogeneity in sediment balance within this zone, with the
lowest CSR values occurring at reaches within this zone. Flows were not competent to
transport all sediment through this reach, resulting in a zone of surplus and deposition
just upstream of Sespe Creek. Between Sespe and Santa Paula Creeks, the inputs of
sediment and water from Sespe Creek cause the sediment balance to shift closer to a state
of equilibrium, and this zone hasn’t experienced channel incision or aggradation long
term. Below Santa Paula Creek, the combined flow of Sespe and Santa Paula Creek are
enough to shift the state to sediment deficit due to sediment trapping in the upstream
reservoirs, and this area has undergone significant incision.
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Figure 4. Capacity Supply Ratio (CSR) along the mainstem SCR, averaged for the
hydrologically active period of the 2017 hydrograph. The upper reaches show the greatest
sediment surplus (low CSR), the middle reaches are approximately in equilibrium, and
the lowest reaches are in slight sediment deficit (high CSR).

Although SeRFE tracks both channel and floodplain sediment storage, we focus here on
floodplain storage because of its relevance to Arundo production. In addition to sediment
balance, geomorphic factors such as valley confinement cause spatial heterogeneity in
channel and floodplain response to flood flows. Consequently, floodplain storage changes
in response to the 2017 flood differed somewhat from sediment balance and channel
incision/aggradation observations. The five-year recurrence interval flood caused erosion
to outpace deposition for most of the basin, resulting in predominantly erosional signals
in floodplain change (Figure 5). Along the mainstem SCR, the most significant floodplain
erosion simulated was concentrated along the reach upstream of Piru Creek where the
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floodplain is relatively narrow. From the Piru Creek confluence downstream, floodplain
erosion was lesser in magnitude. The only zone of significant deposition during the 2017
flood was in the reach near the confluence of Santa Paula Creek, where sediment balance
has not yet shifted to deficit, and the floodplain is relatively wide compared to reaches
upstream and downstream.

Figure 5. SeRFE output for change in floodplain sediment storage, represented as a
change in floodplain height. Floodplain erosion dominated the response to the 2017
flows, with an area of deposition in the middle reaches where floodplains are relatively
wide.

3.3. Combined ecogeomorphic framework
The analysis combining the Arundo potential output and the modeled floodplain change
highlighted distinct source and sink zones for Arundo. Just upstream of the Castaic Creek
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confluence, simulated floodplain erosion is large, and Arundo recruitment potential is
high, resulting in a source zone from which Arundo is eroded and transported.
Downstream of this zone there are additional potential sources where floodplain erosion
is modeled but recruitment potential is not as high. In the area where deposition
dominated floodplain change in the simulation, high recruitment potential causes a sink
zone where transported rhizomes likely deposit and recruit. Pre- and post-flood imagery
from the dominant source and sink zones highlight the significant channel change and
erosion occurring in the source zone, and the lack of such change in the sink zone (Figure
6).
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Figure 6. Results of the Arundo source/sink analysis. Various weak to moderate sources
of Arundo are predicted throughout the middle and upper reaches of the mainstem SCR.
The strongest source is in the upper reaches upstream of Castaic Creek, where the photos
on the right highlight notable floodplain erosion from the 2017 flood. The strongest sink
is just upstream of the Santa Paula Creek confluence in the middle reaches, where the
photos on the left highlight a lack of floodplain erosion.
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3.4. Comparison with study reaches
Comparing these modeled outputs and analysis results with the three study reaches we
used for model validation shows a correlation between reach-scale observations and
model outputs. SeRFE outputs for the upper study reach show a small amount of
deposition (Figure 7). This is consistent with imagery and DEM analysis, which show
deposition in a secondary channel, along with a small degree of bank erosion and channel
widening in some locations along the main channel (Figure 9). This area is within the
reach affected by sediment surplus induced by flow regulation of Santa Felicia and
Castaic dams, and has the highest modeled average and maximum CSR of the study
reaches (Figure 8). The reach is in an area of moderate Arundo recruitment potential, and
stands are present. Overall, the area of Arundo stands declined slightly between the 2007
and 2018 inventories from 22,382 to 15,892 m2 (Figure 9). Individual plants, however,
were present in the 2018 imagery along the margins of the newly deposited sediment in
the secondary channel. This reach is just downstream of a reach classified as a
weak/moderate Arundo source, and the reduction in cover could be due to erosion and
transport of Arundo from this reach.

90

91

Figure 7. SCR SeRFE simulation hydrograph (summer 2016-summer 2017; top) and
SeRFE model outputs for simulated sediment storage and the Capacity Supply ratio
(CSR) for the three study reaches, locations of which are shown in Figure 2. The “higher
transport” and “lower transport” in the plots represent the range in model outputs
associated with the uncertainty in grain size modeling.

Figure 8. Geomorphic change from DEM and orthophoto comparison between 2015 and
2018 at the three study reaches. In the lower reach, there was more erosion than
deposition, while in the middle reach the opposite was true. In the upper reach neither
was dominant.
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Figure 9. Comparison of Arundo stand cover at the three study reaches between 2007 and
2018. Imagery from 2018. Area in the lower reach remained approximately the same.
Coverage increased drastically in the middle reach, and declined slightly in the upper
reach.

Model outputs show the middle study reach being in slight sediment surplus during 2017
flows, and modeled floodplain change was predominantly deposition (Figure 8). The time
series of sediment storage shows that during the initial flood pulse (215 m3/s), floodplain
deposition occurred. During the second, larger flood pulse (1200 m3/s), additional
deposition occurred, followed by erosion as flows become competent to erode the banks
(Figure 7). Imagery and DEM analysis show widening of the main, low-flow channel,
indicative of the erosion occurred during the second flood peak (Figure 8). Results of
hydraulic modeling using FASTMECH with the 2015 LiDAR DEM show the evolution
of floodplain inundation as flows approach the estimated 2017 peak flow for the reach.
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At 215 m3/s, floodplain inundation has occurred, but shear stresses were still relatively
low. At 1000 m3/s, the entire floodplain was inundated, and shear stresses along the low
flow channel were greater (Figure 10). Mapped stands for summer 2018 in this reach
correspond well with portions of the floodplain inundated in the hydraulic modeling. This
reach was classified as having high Arundo recruitment potential, and between the 2007
and 2018 inventories, area of Arundo stand cover increased from 7,288 to 86,633 m2
(Figure 9).

Figure 10. FASTMECH hydraulic modeling outputs for the middle study reach at the two
peak discharge values simulated in the 2017 hydrographs. On the left is flow depth (m),
and on the right is shear stress (N/m2). At the first peak (A) floodplain inundation has
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occurred, and at the second peak (B) most of floodplain is inundated and shear stress is
high in the main, low-flow channel.

In the lower study reach, SeRFE outputs show that the average and maximum CSR
values are the greatest of the three reaches. The sediment balance of the reach is in
deficit, as a result of having relatively greater flow inputs from Sespe and Santa Paula
Creeks than sediment inputs, due to reservoir sediment trapping. Floodplain change was
dominated by erosion, and imagery suggests erosion of the large bar along this reach
occurred (Figure 8). Change in Arundo coverage was minimal. A large, persistent stand
present since after the large 2005 floods remained virtually the same between 2007 and
2018 (Figure 9).

4. Discussion and conclusion
It has long been recognized that because of its clonal reproduction, Arundo removal and
treatment would best be implemented from the top of a watershed down (Bell, 1998;
Quinn & Holt, 2009). Limited funding and resources for restoration require targeted
efforts, however. In such cases, application of an ecogeomorphic model could provide a
way to select locations for these targeted efforts. The analysis presented here suggests
that focusing on particular source areas may improve the efficacy of restoration
treatments. Specifically, our results suggest that on the SCR, reaches upstream of Piru
Creek are primarily acting as sources for recruitment in depositional areas lower in the
watershed.
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While sediment modeling itself is useful for addressing river management and restoration
questions, this study demonstrates how combining sediment modeling in SeRFE with a
riparian vegetation model provided additional insight that is particularly informative in
this watershed, where invasive riparian vegetation is the primary management concern.
Despite the simplicity of the vegetation model, it was effective in the coupled approach
presented here, and our results demonstrate that the vegetation model combined with the
sediment modeling provided a useful ecogeomorphic framework for modeling at the
watershed scale.

Our model results correlated well with observed spatial patterns of geomorphic and
vegetation change. Alteration of sediment balance has often been linked to channel
incision and aggradation. Interestingly, while modeled sediment balance in the SCR
roughly coincides with ongoing measurement of channel bed elevation change, patterns
of floodplain change associated with the moderate flood we modeled differed. More
floodplain erosion was modeled along the upper portion of the river, which is in sediment
surplus, than in reaches lower on the river. This is likely because the floodplains along
this section of river are significantly narrower than reaches downstream (~220 m
compared to ~400 m at our upstream-most study reach). The flood magnitude was
sufficient to inundate the floodplain along the entire river, but where there is less
accommodation space, the flow has more erosional force. It is also possible that channel
aggradation has resulted in floodplain inundation at lower flows, causing the floodplain
to be more easily eroded and reworked. This area of concentrated erosion overlaps with a
high concentration of Arundo stands resulting in a source of rhizomes that is transported
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downstream during floods. Downstream of Sespe Creek, the floodplain rapidly widens
from ~450 m to ~1200 m. While most of the basin’s floodplains showed net erosion for
the modeled flood, this area, likely due to this change, was the exception with net
deposition occurring. This area has undergone a rapid expansion in Arundo stand cover
since the last flood large enough to remove all vegetation (2005). Patches of Arundo in
this area, and several other areas downstream have been treated with herbicide and
mowed in order to remove it, but success has been highly variable, and in most cases
stands have regenerated. This analysis suggests this may be due to the sediment
dynamics, as well as an upstream source that has not been treated.

While this paper presents a specific example of coupling SeRFE with a riparian
vegetation recruitment model, the basic principle of combing sediment modeling with
riparian vegetation modeling could be reproduced using other models. Various sediment
models are applied at different spatial and temporal scales, and as a result are useful for
different management questions. By selecting a model that is relevant to specific
concerns and questions, and also combining it with relevant riparian vegetation data and
models, this approach could produce various useful ecogeomorphic frameworks.

Our results suggest that sediment dynamics are an important component of Arundo
spread and recruitment, however, additional factors beyond geomorphic change, which
are not included in this modeling, could also affect spatial and temporal dynamics of
Arundo recruitment. The Arundo recruitment potential model is based on two inputs that
have been shown to be important controls, groundwater and nutrients, but does not
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address the full suite of factors that could influence Arundo recruitment. Additional
factors that determine whether the plant successfully recruits or not include the time of
year in which rhizomes are deposited, and the overall soil types and conditions within
deposition zones. Challenges and opportunities exist for incorporating process-based
vegetation modeling into combined ecogeomorphic models, and these additional factors
could be addressed and the modeling accuracy improved by such advances. However, at
the reach scales we used for modeling, our simple analysis successfully predicted reaches
where Arundo stands were present, as well as where source and sink zones related to
sediment dynamics occurred.

Because the ecogeomorphic model presented here uses SeRFE outputs, uncertainty in
those outputs affects model results. SeRFE quantifies uncertainty by calculating error
associated with the grain size measurements provided for model calibration and
propagating that error throughout the sediment transport simulations. Additionally, the
bank erosion equation is calibrated using measurements of bank erosion from the basin.
Therefore, uncertainty in SeRFE outputs, and therefore in the combined ecogeomorphic
model can be reduced by increasing spatial coverage of measurements of bed grain size
and bank erosion. For a full discussion of uncertainty in the SeRFE modeling process see
the first manuscript of this thesis.

This study demonstrated how coupling sediment models with riparian vegetation data can
produce useful frameworks for understanding the ecogeomorphic interactions within
watersheds. The importance of bank erosion on Arundo dynamics in this basin allowed us
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to combine spatially explicit bank erosion modeling with Arundo stand locations to
assess how flood flows are potentially redistributing the vegetation within the catchment.
The feedbacks between riparian vegetation and flow and sediment dynamics are crucial
to understanding fluvial and ecological processes. Sediment and vegetation models
tailored to specific questions, and fully coupled physical and ecological models are thus
one method that can be used to address important management and restoration concerns.
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